
 
 

Abstract 

This study presents a systematic literature review on 

publications on minority languages in large language 

models and natural language processing.  Using the 

Bibliometrics approach on Scopus-indexed documents 

published prior to November 2024, analyses and 

visualization were conducted. Aside from the surge on 

the number of publications in recent years, collaboration 

among countries/territories, and the predominance of the 

computer science subject area are noticeable. The 

keyword co-occurrence network revealed the prevalence 

of keywords related to the field of computer science.  

Schools of thought identified were: 1) Multilingualism 

and closely-related languages; 2) Performance 

Evaluation Approaches, and 3) Cross-lingual 

approaches. We identified the natural language 

considered in these studies, NLP tasks, technologies 

used, and social issues and concerns.  Conclusions and 

recommendations for future work are presented. 

1 Introduction 

Artificial intelligence (AI) technologies have 

impacted our world.  It has influenced various 

areas of our society such as in the field of finance 

and accounting (Biju, et al., 2024; Shakdwipee, et 

al., 2023; Cao, 2020), education (Alqahtani et al., 

2023; Chen, et al., 2020; Tikhonova & Raitskaya, 

2023), and health (Bajwa, et al., 2021; Li, 2024; 

Pagallo et al., 2023).    

Generative AI uses large language models 

(LLMs) for natural language processing (NLP) 

applications. These LLMs have been trained on 

existing datasets which are predominantly in the 

majority languages.  This underrepresentation of 

minority language has been shown to affect 

performance of these AI systems, and to have 

introduced a myriad of challenges including 

various sorts of biases (Hedderich et al., 2020). 

Thus, the primary objective of this study is to 

investigate the landscape of the current body of 

knowledge on LLMs and NLP, with a focus on 

minority languages.  Specifically, the research 

aims to assess the structure and dynamics of 

research work on LLM and NLP on minority 

languages using the bibliometric analysis 

approach. 

2 Related Literature 

Bibliometric analysis is “a scientific computer-

assisted review methodology that can identify 

core research or authors, as well as their 

relationship, by covering all the publications 

related to a given topic or field” (as cited by Han, 

et al., 2020).  Publication data in various fields 

such as health policy (Fusco et al., 2020), 

education (Meyer et al. 2023; Song & Wang, 

2020), and nursing (Jabonete & Roxas, 2022), 

using different research databases, such as Scopus 

(Roxas & Recario, 2024; Song & Wang, 2020), 

Google Scholar, and Web of Science (Fan, et al, 

2023; Martín-Martín, et al., 2018; Şahin & 

Candan, 2018).  

Several works on bibliometric analysis in 

LLMs and NLP have been done in the recent past 

(Roxas & Recario, 2024; Tiwari et al., 2023), with 

a review paper focusing on low-resource 

languages (Krasadakis, et al., 2024), but with an 

emphasis on the legal domain. This shows that 

there is a gap on capturing the scientific landscape 

of LLMs and NLP on low resource languages, but 

across various domains. 
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3 Data Collection and Methods 

We employed both quantitative and qualitative 

analyses in undertaking a systematic review of 

publications on LLMs and NLP on minority or 

low resource languages using the Scopus 

database.   

3.1 Conceptual Framework 

The conceptual framework of this study 

(Hallinger & Kovačević, 2022) constitutes the 

size, time, space, and composition of the scientific 

landscape: 1) size (or the quantity and quality) of 

publications on LLMs and NLP for minority 

languages, 2) the time and space for the extraction 

of documents were not defined, and 3) 

composition (or intellectual structure), which is 

captured using the visualizations as generated by 

Scopus, VOSviewer (Nees, et al., 2019) and 

Biblioshiny (Aria, et al., 2022). 

3.2 Collection of Publication Data 

We used the Preferred Reporting Items for 

Systematic Reviews and Meta-analysis (or 

PRISMA) (Page et al., 2021), which has identified 

stages: identification, screening, and included (as 

presented on Table 1).  

At the identification phase, documents were 

retrieved through search Scopus functions of 

Scopus on October 2024. The search function 

TITLE-ABS-KEY((“large language model” OR 

LLM) AND (“natural language processing” OR 

NLP)) (or called LLM AND NLP hereon) yielded 

4,683 documents. During screening, we refined 

the search function by including the keywords: 

low-resource, indigenous OR minority languages 

(simply called minority languages from hereon). 

In the included stage, only 101 conference 

papers and 27 articles were included from the 135 

documents, while we excluded 5 conference 

reviews, 1 editorial and 1 review paper. Further 

inclusion included 126 English documents, and 

the exclusion of 2 Chinese documents. These 

resulted in the 126 final included documents 

which will be used in this study for further 

analyses. 

3.3 Visualizations 

The intellectual structure (or composition) of the 

126 Scopus-indexed publications on LLM and 

NLP on minority languages was captured by 

visualizations as generated by Biblioshiny (Aria, 

et al., 2022), Scopus, VOSviewer (Nees, et al., 

2019) using the csv file of the 126 documents as 

exported from the Scopus database.  The main 

information was generated by Biblioshiny (Aria, 

et al., 2022). Then we used the visualizations of 

the Scopus function Analyze-Results for the 

visualizations for documents by year, by 

country/territory, and by subject area.  Then, we 

used VOSviewer (Nees, et al., 2019) to generate 

the keyword co-occurrence and co-citation 

research networks. Countries’ collaboration world 

map was also generated using Biblioshiny (Aria, 

et al., 2022). 

4 Results and Discussion  

4.1 LLMs and NLP: 4,683 documents 

As shown in the main information (Figure 1), the 

4,683 LLM and NLP Scopus documents were 

published from 1998 to 2025, showing an 

interesting near 25% international collaboration 

among the 13,778 authors, and a staggering 

148,704 references. 

Among the countries/territories (Figure 2), the 

US leads with 1,540 out of 4,683 documents (or 

32.9%) followed by China with 919 (or 19.6%) and 

the United Kingdom with 346 (or 7.4%), Germany 

with 344 (or 7.3%), and India with 310 (or 6.6%). 

In the subject area (Figure 3), computer science 

leads with 3720 documents (or at 79.4%) followed 

by other subject areas with not more than a quarter 

of the documents. 

4.2 LLM and NLP: 126 documents on 

minority languages 

As shown in the main information (Figure 4), the 

126 LLM and NLP Scopus documents on minority 

languages were recently published from 2021 to 

2025, showing a 31.75% international 

Keyword Search  # of 

Publications 

Identification: LLM AND NLP 4,683 

Screening: LLM AND NLP 

AND Minority languages 

135 

Conference paper 101 

Article 27 

English 126 

Included 126 

Table 1:  Scopus search functions. 

 

 



 
 

collaboration (even greater than the LLM and NLP 

documents) among the 564 authors, and 5,064 

references. 

 

Figure 1. Main information: 4,683 LLM and NLP 

documents.  

 

 
Figure 2. Documents by country/territory: 4,683 LLM 

and NLP.  

 

Figure 3. Documents by subject area: 4,683 LLM and 

NLP. 

 
Figure 4. Main information: 126 LLM and NLP 

Minority Languages.  

Among the countries/territories (Figure 5a), now 

China leads with 24 out of 126 documents (or 

19.0%) followed closely by the US with 22 (or 

17.5%), with the other countries with less than 10% 

contribution. Countries’ collaboration and 

participation (shown in a world map in Figure 5b) 

reiterates the domination of the US and China. 

 

Figure 5a. Documents by country/territory: 126 LLM 

and NLP Minority Languages. 

 

Figure 5b. Countries’ Collaboration World Map: 126 

LLM and NLP Minority Languages. 

In subject area (Figure 6), computer science 

leads with 118 out of 126 documents (or 93.6%) 

showing the rigor and strength of the area of 

computer science in the usage of LLMs and NLP 

for minority languages, followed by other subject 

areas with 30% or less contribution.  This implies 

that most publications on LLM and NLP focus 

more on the computational aspects of these new 

approaches. 

A keyword co-occurrence network (Figure 7) 

was generated from the 126 documents on LLM 

and NLP focusing on minority languages, using all 

keywords, full counting, with a minimum number 

of occurrences of a keyword=5, of the 790 

keywords, 60 meet the threshold, and produced 4 

clusters showing the predominance of computer 

science related keywords. 

A co-citation network (Figure 8) was generated 

from the 126 documents on on LLM and NLP 

focusing on minority languages, using cited 

references,  with a minimum number of citations of 

a cited reference=5, of the 5,027 cited references, 

27 meet the threshold, and only 26 are connected, 



 
 

produced 3 clusters.  The clusters in the co-citation 

networks are called by Hallinger and Nguyen 

(2020) as Schools of Thought, which we label as: 

1) Multilingualism and closely-related languages; 

2) Performance Evaluation Approaches, and 3) 

Cross-lingual approaches.  

 

Figure 6. Documents by subject area: 126 LLM and 

NLP Minority Languages 

 

 
Figure 7. Keyword co-occurrence network: 126 LLM 

and NLP Minority languages.  

 
Figure 8. Co-citation: 126 LLM and NLP Minority 

languages.  

4.3 Intellectual Structure: Minority 

Languages 

The composition (or intellectual structure) of the 

126 documents on LLM and NLP on minority 

languages is presented in this section, and is 

organized as follows: 1) natural languages 

considered in these studies, with a consideration of 

the dataset used; 2) NLP tasks focus; 3) 

technologies used; and 4) social issues and 

concerns. 

 

Natural Languages: Publications considered 

specific minority languages, with some focusing on 

multiple languages in their experiments. Various 

datasets have been considered, such as Babel-670 

with 670 languages representing 24 language 

families spoken in five continents (Vlantis et al., 

2024), Glot500-m with 511 mostly low-resource 

languages (Imani et al., 2023), BELEBELE, a 

multiple-choice machine reading comprehension 

(MRC) dataset spanning 122 language variants 

(Bandarkar et al., 2024), and SIB-200 with 205 

languages and dialects (Adelani et al., 2024).  

Other publications worked on closely-related 

language families such as 5 Ethiopian languages 

(Amharic, Ge'ez, Afan Oromo, Somali, and 

Tigrinya) (Tonja et al., 2024), Bengali, Gujarati, 

Hindi, Kannada, Maithili, Marathi, Tamil, Telugu, 

and Urdu (Dwivedi et al., 2024), Iberian languages 

(Cerezo-Costas et al., 2024), Comorian dialects 

(Naira et al., 2024), Chinese-centric languages 

(Zhang et a., 2024), Malawi and Chichewa (Lewis 

et al., 2024), and South and North Korea 

(Berthelier, 2023).  This particular approach for 

multilinguality among closely-related languages is 

consistent with the findings of Pires et al. (2019) in 

that the models work best with similar languages. 

More than one (1) publication  focused on 

specific languages, such as Bangla (Sadhu et al., 

2024; Hasan et al., 2024), Indonesia (Kim et al., 

2023; 82), Pashto (Haq et al., 2023a; Haq et al., 

2023b), Swahili (Muraoka et al., 2023; Liao & Wu, 

2023), and Vietnamese (Pham et al., 2024; Nguyen 

et al., 2023), while one (1) document each on 

Armenian (Avetisyan & Broneske, 2023), 

Assamese script (Baruah et al., 2024), Brazil (Kim 

et al., 2023), Comorian dialects (Naira et al., 2024), 

Filipino (Cosme & de Leon, 2024), Jopara 

(Agüero-Torales et al., 2023), Kazakh (Shymbayev 

& Alimzhanov, 2023), Kannada (Aparna et al., 

2024), Lao (Wang et al., 2024), Marathi (Gaikwad 

et al., 2024), Minangkabau (Nasution & Onan, 

2024), Nigeria (Kim et al., 2023), Occitan (Vergez-

Couret et al., 2024), Singlish (Tan et al., 2023), 

Sinhala (59), Urdu (Muraoka et al., 2023), and 

Uyrghur (Pan et al., 2024). Code switching 

languages were also considered in the studies such 



 
 

as Jopara (combines Guarani and Spanish) 

(Agüero-Torales et al., 2023), and Filipino-English 

(Cosme & de Leon, 2024). 

 

NLP Tasks: NLP tasks that were focused on by 

these 126 studies are led by question-answer 

generation or chatbots with 14 out of the 126 

documents or 11.1%, sentiment analysis with 9 out 

of the 126 documents or 7.1%, and machine 

translation with 8 out of the 126 documents or 

6.3%.  Other NLP tasks include text classification, 

information retrieval, text summarization, 

syllabication, NLU, and NLG, automatic profiling 

of individuals, transliteration, sarcasm detection, 

offensive language detection, product matching, 

event argument extraction, entity extraction. The 

publications also focused on low-level NLP tasks 

such as tokenization, word segmentation, spelling 

correction, named entity recognition, and part of 

speech tagging, semantic parsing, and automatic 

speech recognition, and transcription. Other 

applications include machine-generated text 

detection system, LLM compression, prompt 

engineering, and synthetic data generation, and 

security concerns on the “jailbreak” problem 

(Deng et al., 2024), to address manipulation of 

LLMs towards undesirable behavior. 

Due to the current status of minority languages 

that are still classified as low resource languages, 

some publications covered the construction and 

building of language resources such as: dataset 

collection and documentation of indigenous 

languages, and dataset labeling, lexicon 

construction, speech data collection, and offensive 

language dataset, and some for specific domains 

such as agriculture, covid, medicine, education, 

and for domain adaptation. 

 

Technologies used: Technologies that were 

mentioned include the fine tuning of existing 

LLMs, with the leading LLM GPT, and BERT (or 

its variants).  Other publications used BART, 

BARD, Bloomz, Electra, Flan-T5, Gemma, 

Llama2/3, LoRA, Mistral, PEGASUS, ProphetNet, 

and T5, mT5, Zephyr, and using particular 

technologies such as cross-lingual transfer 

learning, RNN, CNN, LSTM, BiLSTM, and 

NLTK.  

Most of the 126 publications performed 

comparisons of evaluations and performance on 

particular datasets and chosen domains.  Most 

advocated for open resources such as in (Batista et 

al., 2024). 

Social issues and concerns: Social concerns 

include gender inclusivity NLP (Ovalle et al., 

2024), gendered emotion attribution (Sadhu et al., 

2024), balancing social impact, opportunities, and 

ethical constraints (Pinhanez et al., 2023), and 

regional bias of English LLMs (Lyu et al., 2024).  

The development of resource-limited devices or 

applications (Alyafeai & Ahmad, 2021) using 

lightweight LLMs (Urbizu et al., 2023) was also 

mentioned as LLMs require both computational 

speed and heavy storage. 

5 Conclusions and Recommendations 

We present a systematic literature review of 

Scopus publications published prior to November 

2024 on LLM NLP focusing on minority or low-

resource languages.  Although that it has been 

shown that the US dominates the research work on 

LLM NLP, China leads on publications on LLM 

NLP on minority languages.  Results also show that 

computer science subject area is still the focus of 

publications both on LLM NLP and LLM NLP on 

minority languages, where technology still 

dominates.  Analyses show experiments on 

multilingual datasets, cross lingual approaches on 

closely-related languages, across various NLP 

tasks.  Concerns have been raised in these 

publications on LLM NLP on minority languages 

on security concerns such as the “jailbreak” 

problem (Deng et al., 2024), and regional bias of 

English LLMs (Lyu et al., 2024), to name a few. 

Since this study has focused on the publications 

from the Scopus research database, it is 

recommended to expand the publication dataset by 

considering other research databases. 
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